We describe work aimed at improving procedures for the estimation of non-tomadic extreme wind speeds, regardless of'their direction, in regions not subjected to hurricanes. Using the Generalized Pareto Distribution (GPD) approach and the Conditional Mean Exceedance (CME) estimation method, we analyze 115 17-year to 52-year sets of largest annual speeds and sets drawn from 48 15-year to 26-year records of maximum daily wind speeds. Based on this analysis we attempt an assessment of the widely held belief that the Gumbel distribution with site-dependent location and scale parameters is a universal model of extreme wind speeds. Some of our results suggest that the reverse Weibull distribution is a more appropriate model. This would result in more reasonable estimates of wind-induced failure probabilities and wind load factors than the corresponding estimates based on the Gumbel distribution. However, our assessment is so far only tentative owing to uncertainties inherent in our results. Future work based on lower thresholds (larger data samples) and alternative estimation methods is planned.
INTRODUCTION
Until recently methods for the estimation of extreme wind speeds were based solely on classical extreme value theory (Gumbel, 1958) . Although such methods can be used to obtain credible estimates of wind speeds with relatively short mean return periods (50 years, say), questions remain as to their capability to estimate distribution tails reliably.
In the last two decades a novel theory known as the "peaks over threshold" approach was developed that offers the potential for more realistic estimates of the tails. This would allow the estimation by statistical methods of wind load factors, which have to date been specified in building standards on the basis of engineering guesses passed from one generation of standards to the next. This paper is part of a long-term project aimed at improving estimates of wind speed distribution tails and wind load factors. The "peaks over threshold" approach rests on the application of the Generalized Pareto Distribution (GPD) to the excess of the extreme variates over a freed threshold. For terminology and notations, see Gross et al. (1994) .
Unlike classical methods, the "peaks over threshold" approach is applicable to the analysis of the set consisting of all data exceeding a sufficiently high threshold. In addition, it is applicable to data taken from sets of epochal extremes (i.e., maxima over samples of fixed size, such as largest annual wind speeds). According to classical theory, in the asymptotic limit a set of epochal extremes must fit the tail of one of the three extreme value distributions. 'I'he epochal extremes that exceed a sufficiently high threshold must therefore fit the GPD with c> O, @, orc<O.
We review briefly in Section 2 the expression for the GPD, the GPD-based estimator used in this work, and the estimation within the framework of the "peaks over threshold" approach of variates with specified mean return periods. In Section 3 we analyze 115 sets of observed largest annual wind speeds taken from 17-to 52-year records. Section 4 is devoted to analyses of sets taken from 4815-to 26-year records of largest daily speeds. Section 5 presents our conclusions and outlines future work.
GENERALIZED PARETO DISTRIBUTION, AND DESCRIPTION OF ESTIMATORS
We review here the expression for the Generalized Pareto Distribution and the Conditional Mean Exceedance (CME) method for estimating distribution parameters.
Generalized Pareto Distribution (GPD)
The expression for the GPD is 
Equation 1 can be used to represent the conditional cumulative distribution of the excess Y =V-u of the variate V over the threshold u, given V> u for u sufficiently large; c and a are distribution parameters. The cases c> O, c=O and c< O correspond, respectively, to Fr&het, Gumbel, and reverse Weibull (right tail-limited) domains of attraction. For c =0 the expression between braces is understood in a limiting sense as the exponential exp(-y/a) (Castillo, 1988, p. 215) . For c< O the shape parameter of the corresponding distribution is~=-1/c (Smith, 1989) .
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Cumulative Mean Exceedance (CME) Method
The CMEis the expectation of the amount by which avalueexeeeds a threshold u, conditional on that threshold being attained. If the exeeedance data are fitted by the GPD model and c< 1, u> O, and a+uc >0, then the CME vs. u plot should follow a line with intereept a/(l-C) and slope c/(1-e) (Davison et al., 1990) . The linearity of the plot is an indicator of the appropriateness of the GPD model. Estimates of c and a can be obtained from the slope and intercept of a straight line fit to the CME vs. u plot.
Esthnation of variates with speeitled mean return periods
The mean return period R, in years, of a given wind speed is defined as the inverse of the probability that that wind speed will be exceeded in any one year. In this section we give expressions that allow the estimation from the GPD of the value of the variate corresponding to probability 1-l/(AR), where X is the mean crossing rate of the threshold u per year (i.e., the average number of data points above the threshold u per year), and R is the mean recurrence intend in years. We have
v~= y~+u
where VR is the R-year wind speed (e.g., V50=50-year speed) and u is the threshold used to estimate c and a. For epoeha.1sets consisting of the largest annual wind speeds, h= 1. Note that, given u, X, c, R and VR, Eqs. 4 and 5 yield the parameter a inherent in the estimation of V~. Table Al given in Appendix A shows estimated values of the tail length parameter, & The estimates were obtained by applying the CME method to data samples taken from 115 Nyear records of observed largest annual wind speeds adjusted to a 10 m elevation above ground (17 < N<52). Stations where strong winds are predominantly due to hurricanes were not included in Table Al . All wind speeds are given by the Weather Service in terms of fastest miles. For this report, wind speeds have been converted to S1 units (1 mph =0.44704 m/s). In order to include only the strongest winds in each set --the winds most likely to approach the asymptotic condition inherent in the GPD approach --we used the CME estimator based for each record on a relatively high threshold. We chose this threshold to be equal to the record's median wind speed, Vti. All the CME-based results of Table A 1 are based on this threshold. In our calculations for observed data a wind speed, V, was defined as exeeeding the threshold if V z Vti, that is, the actual threshold is actually smaller (by an infinitesimal amount) than the nominal threshold.
ANALYSIS OF LARGEST ANNUAL WIND SPEEDS
For the threshold V-, the sample average number of exceedances was E(IQ =21, and E(VJ =50, SD(V4 =6.5 (E and SD denote sample mean and standard deviation). The mean and standard deviation of the estimated values of c listed in Table Al are: E(~) =-O.26, SD(@=O.38. We denote by Vti and Vti+ the speed preceding V-and the speed following V-, respectively, in the set of ordered speeds of which V~is the median. Using a threshold V-, E(n~=24 and a threshold V~+, E(n.~= 17, results not listed in Table Al A comparison between the results based on the observed data on the one hand and on the simulated data on the other would suggest that a reverse Weibull distribution with shape --0.2) is a more appropriate model than the Gumbel distribution. (The parame~r 7=5 (cGumbel distribution can be interpreted as the limit of a family of three-parameter extreme value distributions as the shape parameter approaches infinity --see proof in Simiu et al., 1986) Let us now hypothesize, nevertheless, that the Gumbel distribution is an appropriate universal model of extreme wind speeds, that is, that for every station the true tail length parameter is c=O. The results of the Monte Carlo simulations just shown indicate a bias of about -0.1 in the estimation of c, so let us allow for a bias as large as -0.1 in estimating c. Using a binomial distribution model (with mean n/2 =57.5 and standard deviation (n)ln/2 =5.36), one would expect that about half of the 115 estimated values of c would be below -0.1. Actually, 77 estimated values (significantly more than half) are below -O.1; this number is almost four standard deviations higher than the mean, and would kxid to a rejection of the hypothesis that the Gumbel distribution is a universal model for the extreme speeds. However, this tentative conclusion may not be warranted. Indeed, each station may have a different true c, and the sample sizes for the various stations differ. Instead of the average E(i?) for the observed data, it would therefore be appropriate to consider a weighted average of c, where each weight is equal to the inverse of the variance of the estimate of c. Standard deviations of these estimates are listed in Table Al and were obtained by the expression
where n is the number of data in the set, x, are the speeds (i= 1,2,.. ,n-1), and y, are CME values (see Appendix B). The weighted mean of the c estimates, based on these standard deviations, is close to -0.1, and its standard deviation is about 0,32. Note that the simplifying assumption implicit in Eq. 6 that the errors in the estimation of y, for various i's are independent is not correct, and the standard deviations of the c estimates are actually larger than those given by Eq. 6 by factors that pilot Monte Carlo simulations suggested can be as high as two or even more. We conclude that owing to the small sample sizes we used, we do not get a sufficiently good estimate of the weighted average of & and the inference made earlier on the basis of the binomial distribution cannot be relied upon with confidence.
A comparison between the tabulated values of CME-based estimated V~'s and values of the maximum speeds on record, VW, shows that the performance of the CME estimator of VN is very good. We note, however, that a worse set of VNestimates was obtained, where the CME method was applied to data samples in which identical speeds were made distinct by addition of multiples of 0.001. Though the estimates of c were not much affected by this change, this sensitivity of the CME method appears to cast some shadow upon its dependability.
The CME estimates of Vlm appear to be worse than those of V~: in some cases they differ minimally from the estimates of VN; in others they can be ridiculously large. We also show in Table Al wind speed estimates based on the Gumbel model. These were obtained by the probability plot correlation coefficient method Q?PCC). It is seen that estimates of VNbased on the Gumbel model are comparable to those based on the CME method.
Table Al also lists CME-based estimated speeds with mean return period 1000OOyears, +~Wm, where the parameter a is based on the CME-based estimated value of V~, as indicated in the remark following Eqs. 4 and 5, and on a specified c =-0.2.
Load Factors
Let Ru denote the mean return period of the ultimate load. If the wind load predominates (i.e., no load combination need be considered), the wind load factor is =~Ru/v50)2 (7) Table Al lists estimated values of @based on Eq. 7, where VWwas based on the CME estimates of V~, and V~u,corresponding to asymptotically large &, was based on a parameter a estimated from V~by using Eqs. 4 and 5, and the specified parameter c=-O.2 Depending upon the site, the estimates of 4 vary between 1.24 and 1.68. Their average is @= 1.42, as compared to @= 1.3 specified in the ASCE Standard 7-93 and earlier versions thereof.
Structural Reliability Implications
Consider, for example, the Fresno, CA data set. Under the assumption that the Gumbel distribution best fits the extremes, for~= I@ years, ld and 106 years, the estimated wind speeds are 26, 34 and 38 m/s (59, 77 and 86 mph), respectively (Simiu et al., 1979) . Under the assumption that the reverse Weibull with~=-1/c= 1/0.20 holds, they are 24, 26 and 27 m/s (54, 59, and 60 mph), respectively. It is seen that the tail is considerably shorter for the reverse Weibull than for the Gumbel.
Failure probabilities for wind-sensitive structures designed in accordance with U.S. building code requirements (or safety indices reflecting those probabilities) have been estimated on the basis of the Gumbel model. Ellingwood et al. (1980) found such estimates to be substantially higher than for other types of structures. Experience shows that the number of structural failures caused by non-tornadic and non-hurricane winds is vastly smaller than those estimates would indicate. One possible flaw of those probability estimates is in our opinion the fact that they are based on the Gumbel distribution which, as suggested by our results, overestimates extreme winds corresponding to long mean return periods.
The result that the upper tail of the extreme wind speed distribution is finite would invalidate the notion that probabilities of failure of a structure subjected only to wind loading, conditional on the structural strength being sufficiently large, are always larger than zero: if the 4 structural strength corresponded to a wind speed larger than the length of the finite distribution tail, then the conditional failure probability would be zero.
ANALYSES OF DATA BASED ON SETS OF LARGEST DAILY WIND SPEEDS
In this section we first analyze data sets that reflect not only extreme winds occurring at various sites, but also ordinary winds. The analyses are intended to verify whether such sets can provide information on the @rent population of the extremes. Next, we use a GPD-based approach to analyze sets of &ta that exceed relatively high thresholds.
Data Selection
that: (1) are relatively From sets of largest daily wind speeds we obtained data samples large so that sampling errors are acceptably small, and (2) have reduced mutual dependence among the data. The procedure for obtaining the data is as follows: Partition the set of daily maxima into small periods of size equal to or larger than the duration of typical storms in days.
(A reasonable choice of the length of the period is eight days, but we also use sets based on four-day periods, and compare results of analyses based on the two choices.) Pick the largest value in each period. If the maxima of two adjacent periods are less than half a period apart, replace the smaller of the two maxima by the next smaller value in the respective period which is at least half a period apart from the larger maximum. A data set is thus obtained in which adjacent data are one period apart on the average and never less than half a period apart. We show below the daily maxima at Boise, Idaho in the first six eight-day periods of the year 1965. The periods are separated by vertical bars. The data selected by the procedure just described are in bold type. In the sixth period we underlined the period maximum (26), discarded and replaced by the next largest value (18) because of the proximity to the larger maximum (31) of the adjacent period. 23,32,35,20,26,24,24,14~13,16, 5,11, 5,12,12,7~6, 6, 9, 9,11,12,25,26 I 15,12,12,7,15,12,29,10~7,10,15,20,20,17,24,31~X,9,16,14,18,16,14,12Õ ur investigation attempts to ascertain whether sets of data selected by this procedure from a set of daily maxima could possibly constitute samples from the parent populations of the extremes. Even though small correlations among data might subsist, we refer to a set obtained by the selection procedure just described as an uncorrelated data set based on eight-day (fourday) intervals or, for short, an eight-day (four-day) interval set.
Analysis of Uncorrelated Data Sets
We considered 48 uncorrelated data sets based on eight-day intervals, with length N ranging from 15 to 26 years. First we analyzed separately the sets of spring, summer, fall and winter data (seasonal data analyses). Next, we analyzed hG data sets unsegregated by seamns. In both cases we estimated the best-fitting distributions (i.e., distributions with the largest PPCC) from among a set of seven distributions or families of distributions (normal, double exponential, lognormal, Gumbel, Fr&het, Weibull, and reverse Weibull).
Seasonal dhta sets
Our goal in performing the seasonal analyses was to attempt to fit to the spring, summer, fall and winter data, respectively, cumulative distributions PW(V),P,(v), P@) and PW(V). Given these distributions, the distribution for all the uncorrelated data is
We analyzed, for each season, 48 sets based on eight-day intervals. According to our results, for the spring, fall and winter records the best fitting distribution was predominantly reverse Weibull with shape 4<~<30. However, 29 summer records were better fitted by Gumbel distributions than by the reverse Weibull; the reverse Weibull (for the stations where it fitted the data better than the Gumbel distribution), and the Gumbel distribution (for the other stations), yielded estimated speeds with mean return period N years, V~, that in most cases underpredicted the maximum speed recorded during N years, V=,~. For summer records underpredictions were 15 percent or more for 16 sets, and 8 to 15 percent for 9 sets; there were only two overpredictions, both less than 8 percent. For spring records there were 12 underpredictions by 8 to 18 percent, and only three overpredictions, all less than 5 percent; comparable results were obtained for fall and winter. The results did not depend significantly on whether eight-day interval sets or four-day interval sets were used. From these and additional analyses we concluded that: (1) inferences from seasonal data sets (obtained as was described earlier from samples of largest daily data) do not provide a dependable basis for estimating extremes, but are likely to underestimate the extreme speds. In other words, those sets are not drawn from populations underlying the extreme winds, but from mixed populations; (2) a similar conclusion applies to the sets consisting of all largest daily data for each season; (3) for these reasons the approach embodied in Eq. 8 appears to be inapplicable if all the data of the 8-day interval sets are considered. Some researchers have indicated that the Weibull (as opposed to reverse Weibull) distribution best fits the sets of largest daily data. However, our analysis showed that the Weibull distribution fitted the seasonal data best only for less than ten percent of the sets.
Daia sets unsegregated by seasons
The analysis of 48 sets based on eight-day intervals showed that the reverse Weibull (with 4<~< 22) was the best fitting distribution for 27 sets, and fitted the data better than the Gumbel distribution for 41 sets. For 25 sets out of these 41 sets, including 12 sets for which it was optimal, the reverse Weibull underpredicted V_,~by 8 to 25 percent. For the 48 sets there were only 4 overpredictions, all smaller than 5 percent. In addition, the availability of largest~nud data for periods N1 ranging from 30 to 49 years allowed us to check the predictive capability of models inferred from sets based on eight-day intervals by comparing the estimated speed with mean return period N1, V~l, to the maximum speed recorded during an N1-yea.rperiod, VW,N1, where 30< N1<49. The underpredictions of the N1-year speeds were more frequent and drastic than those of the N-year speeds. We concluded that estimated distributions of data sets unsegregated by seasons are too affected by the bulk of the non-extreme data to yield satisfactory estimates of extremes. Each of our conclusions for data segregated by seasons were found to be valid for data unsegregated by seasons as well.
Numerical J%penlnents
The analyses reported in the preceding paragraph showed that even where other distributions best fitted the data, the reverse Weibull was in most cases very close to being the best fitting distribution, i.e., its PPCC differed only in the fourth or even fifth significant figure from the PPCC of the best fitting distribution. We therefore reanalyzed the data based on eightday intervals by assuming that the populations for all stations have a single reverse Weibull distribution with site-dependent location and scale parameters. This was done by calculating, for each station, the PPCC'S based on the assumption that the shape parameter Y is 1,2,3,...50. For samples of data based on eight-day intervals and unsegregated by seasons the mean value of the PPCC'S, taken over all the stations, was largest for~= 11, and the median PPCC was largest for~= 13. This is an indication that a reverse Weibull population with -y= 12 would explain the results of the analyses. To see whether this is in fact the case, 48 samples of 730 data points each (corresponding to an 18-year record length based on 8-day intervals) were generated from reverse Weibull populations with (1) 7=8, (2)~= 12, and (3) T= 16. The number of simulated sets for which the best fitting reverse Weibull distribution had shape parameters with v= 12, 13= Y<20, and~> 21 are shown in Table 1 . Also shown in Table 1 are the numbers of observed sets (average sample size 18 years) with T< 12, 13< T = 20, and Y> 21. The results of Table 1 suggest that a reverse Weibull distribution with~=12 is an appropriate model for the population of extreme winds representing data based on 8-day intervals unsegregated by seasons, except for the larger number of samples with~>21 among the observed samples than among the simulated samples. We interpret this larger number as reflecting the relatively frequent presence of outliers among the observed samples. In our opinion this interpretation reinforces the point made earlier that, because wind speed populations which include ordinary speeds in addition to extremes are mixed, samples taken from such populations are not a sound basis for inferences on extremes. It is therefore necessary to "let the tails speak for themselves. " This is done by applying to the data the GPD-based "peaks over threshold" approach. 
"Peaks over Threshold" Analyses
In carrying out "peaks over threshold" analyses it is tempting to use a relatively low threshold in order to increase the number of data and thus reduce sampling errors. However, this introduces in the samples data that are not representative of the extremes and tend to bias the results. So that this does not happen the threshold being selected should be as high as possible, without reducing the size of the sample being analyzed to the point where the sampling errors become too large.
We selected the largest possible threshold subject to the restriction that the resulting sample size of the exceedances not be smaller than 15. Based on this selection, the average number of exceedances for our 48 sets based on 8-day intervals was E(xQ = 16, and the average threshold was E(V~)=45, that is, less than the average median, E(M) =50, for the largest yearly speed samples analyzed in Section 3. For these thresholds we obtained E(e) =-0.22 and SD(8) =0.44. The results were virtually the same for the 48 sets based on 4-day intervals. These results would appear to lend support to the tentative conclusion of Section 3 that the extreme winds are described by a reverse Weibull distribution with shape parameter~=5, or perhaps somewhat larger, rather than by a Gumbel distribution. However, the weighted mean of the estimated c's, obtained as was shown for the results of Table A 1, was close to zero. In addition, there were about as many estimated c's larger than -0.1 as there were smaller than -0.1. These results would suggest that the Gumbel distribution is appropriate. However, given the very wide confidence bands for our results, we conclude that no statement on whether the Gumbel or the reverse Weibull distribution is more appropriate can be made on the basis of this analysis.
In principle, the approach inherent in @. 8 may be based on "peaks over threshold" analyses. However, given that the records at our disposal are relatively short and the number of data exceeding a sufficiently high threshold for each of the seasons was judged to be too small, no attempt to perform "peaks over threshold" seasonal analyses was made in this work.
CONCLUSIONS
It is currently assumed in engineering loading models that non-hurricane and non-tomadic extreme wind speeds, regardless of their direction, are described by the Gumbel distribution (which corresponds to a shape parameter -y=-l/c approaching infinity). The Gumbel distribution has infinite upper tail. ne objective of this paper was to gain insights into the question of whether extreme wind speeds can be described by an extreme value distribution with limited upper tail, that is, by the reverse Weibull distribution.
We used in our analyses observed data, consisting of (a) sets of largest annual wind speeds, and (b) sets of largest daily wind speeds from which we extracted subsets suitable for extreme value analysis; and simulated data. Our results appear to suggest that extreme winds are better described by the reverse Weibull distribution than by the Gumbel distribution. However, given the small sample sizes used in our analyses, the superiority of one of the distributions over the other cannot be affirmed with confidence.
The tentative assumption that the extreme wind distributions are reverse Weibull, with shape parameter T =5 (GPD tail length parameter c =-0.2) and site-dependent location and scale parameters, yields wind load factors with an average value 4 = 1.4. This assumption, if confirmed, would invalidate earlier approaches to the estimation of the reliability of windsensitive structures, which depend on an infinite-tailed model of extreme wind speeds and therefore yield unrealistically high failure probabilities.
The 'peaks over threshold" analyses were based in this paper on the Cumulative Mean Exceedance (CME) approach, which appears to be extremely sensitive to whether identical values of the variate in a set are left identical or modified by the addition to each of a different number much smaller than unity. Future work aimed at verifying the tentative conclusions of this paper will therefore include analyses based on different estimation procedures, including the de Haan procedure (Dekkers et al., 1989) . In addition, we plan to perform analyses based on larger data sets, and more elaborate Monte Carlo simulations, in which the sets of samples generated by simulation will have the same sizes as the observed data sets being analyzed, rather than having a constant size. Finally, investigations are envisaged into the possibility that the shape parameter of the extreme wind speed distributions is site-dependent. This would be a departure from current practice, in which it is assumed that extreme winds are described by an extreme value distribution with universal shape parameter (that is, by the Gumbel distribution, which corresponds to a GPD tail length parameter c= O), and site-dependent location and scale parameters.
APPENDIX A Estimated N-yr wind based on Gumbel model (8 from Col. 6) Estimated N-yr wind based on CME method (~from Col. 6) Estimati 50-yr wind based on CME method (6 from Col. 6) Estimated 100,000-yr wind based on CME method (3 from Col. 6) Estimated 100,000-yr wind based on Gumbel model (6 from Col. 6) Estimated 100,000-yr wind based on CME method (c=-O.20) Load factor based on c=-O.20 1 m~h = 0.44704 mls .
